Diversity measurement is important for understanding community structure and dynamics, but has been particularly challenging for microorganisms. Microbial community characterization using small subunit rRNA (SSU rRNA) gene sequences has revealed an extensive, previously unsuspected diversity that we are only now beginning to understand, especially now that advanced sequencing technologies are producing datasets containing hundreds of thousands of sequences from hundreds of samples. Efforts to quantify microbial diversity often use taxon-based methods that ignore the fact that not all species are equally related, which can therefore obscure important patterns in the data. For example, a-diversity (diversity within communities) is often estimated as the number of species in a community (species richness), and b-diversity (partitioning of diversity among communities) is often based on the number of shared species. Methods for measuring a-and b-diversity that account for different levels of divergence between individuals have recently been more widely applied. These methods are more powerful than taxon-based methods because microorganisms in a community differ dramatically in sequence similarity, which also often correlates with phenotypic similarity in key features such as metabolic capabilities. Consequently, divergence-based methods are providing new insights into microbial community structure and function.
Introduction
The explosion of 16S rRNA gene sequence data in the public databases, in conjunction with new high-throughput sequencing technologies such as pyrosequencing (Margulies et al., 2005) , allows us to address a vast range of fundamental questions about microbial communities on an unprecedented scale. The hundreds of thousands of 16S rRNA gene sequences now available allow us to ask key questions such as which environmental factors, such as salinity or temperature, have the greatest influence on how microorganisms are distributed globally . The decreased cost of Sanger sequencing, and the ability to produce hundreds of thousands of short sequences in a single pyrosequencing run, may now make it possible to sample communities deeply enough to make accurate estimates of the extent of diversity in even the most complex communities and on a global scale (Huber et al., 2007) . The ability to collect sequence data from dozens of communities simultaneously without cloning using DNA barcoding techniques (Binladen et al., 2007) will make the comparison of hundreds of microbial community samples, each represented by thousands of sequences, routine. This vastly increased sampling will allow us to address fundamental ecological properties of microbial communities such as whether the distribution of microbial diversity has spatial or temporal patterns, or whether there is a relationship between the amount of diversity and the level of primary productivity in an ecosystem (Prosser et al., 2007) . It will also allow us to address important topics for both human and ecosystem health such as whether the type or amount of microbial diversity differs between healthy and diseased people (Turnbaugh et al., 2006) , or between polluted and pristine environments (Liu et al., 2007) . Understanding the methods for measuring diversity within and between samples, and the assumptions, strengths and weakness of these techniques, is thus critical for the future of microbiology.
Measurements of diversity have historically relied on the species as the fundamental unit of analysis. Diversity within a given community (a-diversity) is usually characterized using the total number of species (species richness), the relative abundances of the species (species evenness) or indices that combine these two dimensions (Table 1) . Similarly, the partitioning of biological diversity among communities or along an environmental gradient (b-diversity) is often characterized using the number of species shared between two communities. Species-based diversity measures have been extensively developed and have been instrumental in understanding fundamental ecology properties of many types of communities. They are the subject of recent reviews both for their general application (Koleff et al., 2003; Magurran, 2004) , and for their specific application to microbial communities (Hughes et al., 2001; Bohannan & Hughes, 2003; Hill et al., 2003) .
Unlike broader taxonomic categories, such as genera or phyla, species are defined based on evolutionary theory and are used as a fundamental unit in ecology (Cohen, 2002; Gevers et al., 2005) . The evolutionary underpinnings of the species concept were first introduced by Ernst Mayr in 1944, who proposed that a species is a group of organisms that remain phenotypically similar because of recombination between them (Mayr, 1944) . The species concept has evolved since then, but has been particularly difficult for bacteria and archaea, largely because bacteria and archaea generally reproduce asexually and recombination events can occur between distantly related organisms through horizontal gene transfer (HGT) . Species delineations in the bacteria and archaea are usually based on phenotypic traits, such as whether the isolates cause a particular disease. Since the 1970s, species have also been delineated based on the overall relatedness of their genomes, with isolates that have 4 70% genome DNA-DNA hybridization (DDH) considered to be of the same species (Gevers et al., 2005) . This threshold was chosen because it was consistent with recognized phenotype-based species classifications. To delineate species in molecular surveys that sequence the 16S rRNA gene, a 4 97% sequence identity threshold is typically applied (Martin, 2002) . This threshold was chosen because isolates below this threshold of similarity usually have DDH values below 70% (Stackebrandt & Goebal, 1994) . The correlation between 16S rRNA gene identity and DDH values is highly variable in different lineages, however, and microorganisms with 4 97% identity in the rRNA gene would often be considered different species with the DDH method and can vary widely in the ecological niches that they can occupy (Fox et al., 1992) . Although a fundamental unit with cohesive properties has been proposed to exist for bacteria, driven by periodic events that select for only the bestadapted bacteria in an ecological niche (Cohen, 2002) , this unit cannot be accurately related to a single 16S identity threshold (Cohan & Perry, 2007) . Because of these issues, it is questionable what is really being measured when the number of bacterial species in a sample is estimated. For these reasons, many prefer to use the terms operational taxonomic units (OTU) or phylotype, rather than 'species' for a cluster of related 16S rRNA gene sequences.
Recently, there has been considerable interest in divergence-based methods for characterizing diversity within and between microbial communities (Singleton et al., 2001; Martin, 2002; Eckburg et al., 2005; . Divergence-based methods account for the fact that not all species or phylotypes within the sample are equally related to each other, and thus contrast with species-based methods, which all implicitly make this assumption. Divergence-based methods consider a community more diverse if the individuals in it are highly divergent from each other, or are phylogenetically distinct from organisms found elsewhere. Correspondingly, they might consider two communities to be similar if they harbor the same phylogenetic lineages, even if the phylotypes representing those lineages in each of the communities are different.
Divergence-based methods are more powerful because similarity in 16S rRNA gene often correlates with phenotypic similarity in key features such as metabolic capabilities. For instance, because all known representatives of the bacterial division Aquificales exclusively or preferentially use H 2 as an energy source, it can be inferred that related 16S rRNA gene sequences in molecular surveys use this form of energy metabolism (Spear et al., 2005) . Likewise, 16S rRNA gene data revealed that a division-wide shift from Bacteroidetes toward Firmicutes occurs in obese vs. lean mice, indicating that metabolic capabilities and response to an environmental perturbation were consistent for diverse members of deep 16S rRNA gene evolutionary lineages (Ley et al., 2005) . Although HGT can sometimes allow organisms with very similar 16S rRNA gene sequences to inhabit very different niches, the genes that tend to be transferred are biased toward particular functions, including cell surface, DNA binding and pathogenicity-related functions (Nakamura et al., 2004) and the degradation of specific compounds, such as xenobiotics (Top & Springael, 2003) , and thus the types of niches that bacteria can expand to from HGT will reflect these biases. In contrast, certain functions are less likely to be transferred, particularly if they involve complex networks of genes encoded on multiple operons (Jain et al., 1999) . Accordingly, certain ecological parameters, such as the ability to live in saline vs. nonsaline environments, are particularly correlated with 16S rRNA gene similarity , indicating that certain niches cannot easily be occupied by the acquisition of new genes. Divergence-based diversity measures that are based on 16S rRNA gene may thus be biased toward detection of the functions that are more strongly associated with 16S rRNA gene similarity, but are still more powerful than species-based methods, in which all of this information is lost. Many different divergence-based diversity measures have been described and used to understand communities, but these measures were designed with different goals in mind and have different strengths and weaknesses. However, divergence-based measures are generally especially well suited to the evaluation of microbial communities. Because microbial communities are often evaluated using PCR products that were generated with primers that amplify sequences from a wide taxonomic range, the sequences usually represent microorganisms that differ dramatically in their degree of relatedness. Also, the availability of sequences from the 16S rRNA gene in most microbial community analyses allows the relatedness between individuals or phylotypes to be estimated easily. Studies of macroorganisms are often much more limited in this regard, because macroscopic communities are often surveyed by visual identification of species for which taxonomic relationships and phylogenetically informative gene sequences may not be known.
Community diversity can be measured in many ways (Table 1) , but three main distinctions account for most of the variation between measures. The first distinction is whether the goal is to measure the diversity within a community (a-diversity) or to measure the partitioning of diversity among two or more communities (b-diversity). The second distinction is whether only presence/absence data for each taxon is used (qualitative measures), or whether the abundance of each taxon is also taken into account (quantitative measures). The third distinction is whether all taxa are treated as equally related to one another (species-based measures), or whether the distance between each pair of taxa is taken into account (divergence-based measures). In general, methods that are identical in all three respects perform similarly, although there are technical and conceptual details that may make one measure or another more suitable for a specific study.
Although all these measures of diversity are in principle applicable to any community, some measures have often only been applied in specific subdisciplines of ecology. For instance, microbial communities have often been characterized using divergence-based measures of b-diversity to determine whether two communities are significantly different. These measures include the Phylogenetic test (P-test) (Martin, 2002) and LIBSHUFF (Singleton et al., 2001; Schloss et al., 2004) . In contrast, divergence-based measures of a-diversity have been applied only very rarely to microbial communities (Eckburg et al., 2005; , but have much more often been developed for and applied to the study of communities of macroorganisms, for applications such as the prioritization nature reserves (Faith, 1992; Virolainen et al., 1998) .
In this review, we describe divergence-based diversity measures and their application to microbial communities. We illustrate which measurements are best suited to testing specific types of hypotheses, with examples from the literature. We also aim to familiarize microbial ecologists with diversity measurements that have not yet been widely applied in this field, in order to bridge the gap between studies of microscopic and macroscopic communities.
Measurements of divergence between taxa
All divergence-based diversity measures require us to estimate the degree to which pairs of organisms differ. This difference is typically referred to as the divergence between that pair of organisms, and can be measured in several different ways, including sequence distance, phylogenetic distance, topological distance and taxonomic distance. Sequence distance is measured either as pairwise sequence identity, or using one of many available models such as the Jukes-Cantor model that corrects for the probability that multiple nucleotide changes occurred at the same site and that divergence is thus not linear with evolutionary time [reviewed in Felsenstein (2004) ]. Phylogenetic distance is the sum of the branch lengths that separate two organisms in a phylogenetic tree. Topological distance is the number of nodes separating two organisms in a tree and is equivalent to the phylogenetic distance if all of the branch lengths in a phylogenetic tree are set to 1. Finally, taxonomic distance is the taxonomic level separating the two organisms; for instance, 1 for members of the same species, 2 for genus, 3 for family, etc.
Although each diversity measure is usually implemented using one particular method for measuring divergence, a different method can often be substituted depending on the type of data available. In general, it is best to apply the method that provides as much reliable information about relatedness between individuals as possible. For example, taxonomic and topological distances have primarily been useful for macroorganisms, where phylogenetic trees with meaningful branch length information are often not available but taxonomic relationships are well defined. For instance, taxonomic distances can be applied when the organisms are described using a 'supertree' that compiles phylogenies from multiple studies that are based on either sequence information from different genes or other types of markers. Thus, taxonomic distances avoid the limitation of methods that require data from the same sequence for all taxa. However, if such data are available, substituting sequence or phylogenetic distances can provide more power to the analysis. Likewise, estimates of phylogenetic distance are more often available than sequence distance because they can be generated from nonoverlapping sequences. Techniques for combining nonoverlapping sequences include measuring homology between metagenomic sequence reads and sequences that are found in organisms that are already described in a phylogeny (Breitbart et al., 2002) and using parsimony insertion trees, such as those generated in the ARB software package, in which partial sequences are inserted into an existing phylogeny based on their similarity to full-length guide sequences (Ludwig et al., 2004) . Substitution of phylogenetic distances in diversity measures that were originally described using sequence distances can thus broaden their applicability. However, the results may differ because phylogenetic distances approximate distance in evolutionary history, and can be influenced by the models used during tree reconstruction, whereas sequence distances can be affected more by factors such as convergent evolution.
Measures of a-diversity
Measuring a-diversity is important for comparing the total diversity in different communities. For example, we might want to know whether pristine habitats contain more diverse microorganisms than human-modified habitats, whether microbial communities associated with disease states are more or less diverse than microbial communities associated with healthy individuals, or whether the availability of less total nutrients or more kinds of nutrients promotes more diverse communities. In this section, we describe divergence-based measurements of a-diversity (see Table 2 for a summary), including both qualitative and quantitative measures. In general, these methods follow the intuition that a community that contains taxa that are more divergent from one another should be considered more diverse, all else being equal (Vane-Wright et al., 1991) . In contrast, almost all studies of microbial community a-diversity to date have used species-based measures of a-diversity. Both qualitative species-based measures, such as Chao 1 (Chao, 1984) or ACE (Chazdon et al., 1998) , and quantitative species-based measures, such as the Shannon (Shannon & Weaver, 1949) or Simpson (Simpson, 1949) indices, have been widely applied. This focus on speciesbased techniques is surprising because microbial community diversity is usually assessed using molecular data. Consequently, the phylogenetic relationships among the individuals can easily be estimated, and can be exploited to provide a fuller picture of a-diversity.
Phylogenetic diversity (PD): a qualititative measure
The most basic question about a community sample, when thinking in a phylogenetic framework, is how much of the tree of life that sample covers. This intuition, that more diverse communities consist of larger numbers of deeperbranching lineages, informs the PD measure (Faith, 1992) . PD is a qualitative divergence-based measure that sums the total branch length in a phylogenetic tree that leads to each member of a community (Fig. 1a) . Although PD satisfies the technical requirement to act as a measure of taxon richness in a community (it has set monotonicity, the property that adding a new species always increases the index value), it is highly sensitive to sampling effort because of the implicit assumption that the total diversity in a community has been sampled. However, there is a substantial literature describing how to estimate total species diversity from a limited sample (Soberon & Llorente, 1993; Magurran, 2004) , and some of these techniques can be used to estimate the total PD that would be obtained with exhaustive sampling. For example, rarefaction curves plot the cumulative number of species recorded as a function of sampling effort, and can be used to estimate species richness using curve-fitting methods to predict the asymptote (Hughes et al., 2001) . In the same manner, the total PD of a sample can be extrapolated from the curve of the accumulation of branch length with sampling effort. To illustrate this, we generated PD rarefaction curves using sequences from the bacterial community in the intestine and stool of three healthy individuals that were generated in (Eckburg et al., 2005) (Fig. 1c) . These PD rarefaction curves do not level off, indicating that even with this deep level of sequencing, the addition of new sequences still, on average, added more branch length to the tree of sequences from that individual. The bacterial community in individual B was the most phylogenetically diverse while the community in individual A was the least. PD depends on the method used to infer branch lengths on the tree, and are thus potentially sensitive to errors in phylogenetic tree construction. It is thus useful to compare the values from trees generated with different methods or, alternately, to express error estimates by evaluating groups of trees that are equally likely, such as those generated from bootstrapped data. Also, because branch lengths are inconsistent in their meaning with different tree topologies, they should not generally be compared between studies. They are primarily useful for comparing communities in which all individuals are contained within the same tree. For example, we recently used PD to compare the a-diversity of different types of physical environments in a global analysis of bacterial 16S rRNA gene community surveys . Using this technique, we made the surprising discovery that soil, which is often described as one of the most diverse types of microbial communities based on species-based diversity measures, has below average PD in the bacteria. Sediments, on the other hand, have particularly high PD. This result underscores the importance of describing diversity with divergence-based techniques as well as species counts. PD has been implemented in the PHYLOCOM software (Webb et al., 2006) , which is available for download at http://www.phylodiversity.net/phylocom/.
Divergence-based diversity measures differ in the degree to which they are sensitive to whether the data have been dereplicated, for instance by removing sequences that are exact replicates of each other or that are within a percent identity threshold. PD calculations are insensitive to this factor: adding duplicate sequences to the tree adds no branch length, and adding similar sequences adds only minimal amounts. However, rarefaction analysis with PD requires data that have not been dereplicated, because this analysis measures how the PD changes with the number of Eckburg et al. (2005) . The ARB parsimony insertion tool was used to add the sequences to a tree containing over 9000 sequences (Hugenholtz, 2002) that is available for download at the rRNA Database Project II website (Maidak et al., 2001) . The curves represent the average values for 50 replicate trials.
individuals that were observed. In this sense, although raw PD values are a qualititative measure, the comparison of rarefaction curves is inherently more quantitative.
y: a quantitative measure
Measures of a-diversity can also be quantitative, accounting for 'evenness' as well as divergence between taxa when measuring diversity. Species evenness reflects the distribution of relative species abundances: for example, a community where a few of the species are numerically dominant would have low evenness.
One measure of a-diversity that is both quantitative and divergence-based is y, which is simply the average divergence between two randomly chosen sequences or individuals in a population, and can be calculated using eqn. 1.
where k is the number of individuals sampled, p i is the frequency of the ith sequence, p j is the frequency of the jth sequence, and d ij is the divergence between the two sequences. y is widely applied in molecular evolution and population genetics, but was first described for the analysis of microbial diversity by Martin (2002) . y is also identical to the taxonomic diversity index (D) described by Clark and Warwick (Warwick & Clarke, 1995 , except that Clark and Warwick use taxonomic distance for d ij and Martin uses sequence distance. y is also equal to 1/2 the Rao Diversity Coefficient (RaoDIV) (Rao, 1982) , which reduces to the Gini-Simpson index when all pairwise distances between species are equal, i.e. if the species follow a star phylogeny (Warwick & Clarke, 1995; Izsak & Papp, 2000; Shimatani, 2001) . Because y is the average divergence of randomly selected pairs of sequences or individuals in the population, it does not increase with sampling effort, and thus does not account for the species richness aspect of a community . Instead, y is a combination of taxonomic distinctness and evenness. For example, a community with equally abundant, divergent lineages would have higher y than a community in which most of the individuals come from only one of the divergent lineages. Although y has not been widely adopted for microbial diversity measurement, it has been used to evaluate both communities of microorganisms and macroorganisms. Eckburg et al. (2005) used the related RaoDIV index to compare microbial diversity in multiple mucosal sites in the intestines and the feces of three healthy human subjects. y has also been used to compare communities of macroorganisms using amino acid diversity (Shimatani, 2001) or taxonomic distances (Izsak & Papp, 1995; Warwick & Clarke, 1995; Shimatani, 2001 ) for d ij . For instance, y decreased along a gradient of increasing environmental contamination in a marine assemblage (Warwick & Clarke, 1995) , and increased with thinning operations to promote species survival in a forest in south-west Michigan (Shimatani, 2001) .
Because y is a quantitative measure, its calculation is sensitive to whether the data have been dereplicated before its application. However, if the same sequence is found five times in a sample, it does not make a difference whether this sequence is added five times to the analysis with a weight of 1, or added once with a weight of 5. It thus does not matter whether OTUs are selected before analysis if the abundance of each OTU in the sample is recorded. Because y is dependent on relative abundance information, however, like all quantitative diversity measures that are described in this review, its value may be affected by bias in DNA extraction efficiency for different bacteria as well as bias in PCR amplification, and cloning efficiency (von Wintzingerode et al., 1997; Kanagawa, 2003) .
Measures of b-diversity
So far, we have considered measures of a-diversity, which is diversity within a single sample. However, many questions require us to inquire about b-diversity. b-diversity was originally conceived by Whittaker (1960) as a measure of change in diversity along transects or across environmental gradients. In general, b-diversity evaluates differences between two or more local assemblages or between local and regional assemblages (Koleff et al., 2003) . b-diversity measures that evaluate the extent to which two or more communities differ can be used to evaluate how a microbial community changes over time, or with different disease states. b-diversity measures that compare local with regional assemblages can elucidate how much diversity is unique to a local assemblage or which ecological processes, such as habitat filtering or competition, structure the community. b-diversity measures allow us to address fundamental ecological questions such as if microorganisms have biogeography or rather, that because of their small size and high abundance, 'Everything is everywhere; the environment selects' (Bass-Becking, 1934) . Species-based measures of bdiversity have been useful for this question, because they can evaluate whether similar environments contain the same species despite distance and other geographic barriers (Noguez et al., 2005) . Species-based measures are limited, however, because they depend on a poorly defined species concept. In contrast, divergence-based diversity measures can address the same question by determining the spatial distribution of phylogenetic lineages, i.e. whether the microorganisms in physically separated environments have little unique branch length, indicating little unique evolution endemic to an area.
In this section, we describe several divergence-based measures of b-diversity (see Table 3 for a summary), including both qualitative and quantitative measures. In general, these divergence-based measures reflect the intuition that communities should be considered more similar if the taxa they contain are more closely related, even if the taxa are not identical. Whereas some b-diversity measures are designed solely to determine whether communities are significantly different, others are measures of distance between pairs of communities that satisfy the requirements of a distance metric, and can thus also be used with multivariate statistical techniques such as clustering and ordination to relate many communities simultaneously. The latter group is related to the Jaccard and Bray-Curtis coefficients for measuring the distance between communities based on the species that they contain.
Significance tests
LIBSHUFF LIBSHUFF (Singleton et al., 2001) was among the first divergence-based b-diversity measures to be developed. LIBSHUFF uses nucleotide distances to determine whether two communities are significantly different. The library coverage of sequences from community X (C X ), defined as the percentage of sequences in X that are not singletons, is calculated after grouping the sequences throughout the range of possible sequence distance levels. C X increases with distance until the maximum distance, where it reaches 1 because all of the sequences are grouped together and there are no singletons (Fig. 2) . C X is then plotted against sequence distance to produce a homologous coverage curve. The homologous coverage curve is compared with a heterologous coverage curve, which compares the sequences in X with those from another community, Y. In the heterologous case, library coverage (C XY ) is calculated as the fraction of sequences that are in X that are also in Y. The Cramer-von Mises statistic (Pettitt, 1982 ) is used to calculate the distance between the two curves (eqn. 2).
LIBSHUFF uses Monte Carlo simulations to determine whether the two communities are significantly different. Specifically, the sequences are randomly shuffled between the two samples for many replicate trials, and the Cramervon Mises statistic value is calculated for each replicate. The P-value is the fraction of trials in which the real value is greater than the random values. The shape of the coverage curves can also be evaluated to determine whether community differences are largely due to deep-or shallow-branching lineages.
Note that two comparisons can be made for each pair of environments, C XY and C YX , and that these will not return the same result. For instance, in the comparison of 16S rRNA gene sequence clones from the guts of two wood-boring beetles illustrated in Fig. 2 , the results of comparing beetle X (Saperda vestida) to beetle Y (Anoplophora glabripennis) are extremely different. The 16S rRNA gene sequences from S. vestida were all from the Gammaproteobacteria, whereas A. glabripennis had members of the Alpha-, Beta-and Gammaproteobacteria as well as the Firmicutes, Actinobacteria, and Bacteroidetes . Comparison of the homologous coverage curves in Fig. 2a and b shows this difference in diversity. All of the sequences from S. vestida bin into just one group at a c. 0.025 sequence distance, whereas the A. glabripennis sequences do not form one group until c. 0.2 sequence distance. The heterologous coverage curve in Fig. 2a shows that at c. 0.06 sequence distance, all of the sequence groups in S. vestida are also found in A. glabripennis, but the difference in the curves shows that even the Gammaproteobacteria in the two beetles are different from each other, and in fact, the result of this comparison is significant at P o 0.002. The heterologous coverage curve in Fig. 2b shows that aside from the similarities at low sequence distances (because of the Gammaproteobacteria), the majority of bacteria in the gut of A. glabripennis are highly divergent from anything in S. vestida. The result of this comparison is also significant at P o 0.002.
The original LIBSHUFF implementation calculated library coverage at 0.01 increments of nucleotide distance and can be downloaded from http://www.arches.uga.edu/$whitman/ libshuff.html or run with the web version at http://libshuff. mib.uga.edu/. An extension of LIBSHUFF, which improves the accuracy of the estimates using the integral form of the Cramer-con Mises statistic, is R -LIBSHUFF (Schloss et al., 2004) . This tool is available at http://www.plantpath.wisc. edu/fac/joh/S-libshuff.html. LIBSHUFF has been broadly applied in microbial ecology (Walsh et al., 2005; Beman & Francis, 2006; Diaz et al., 2006; Oline, 2006; Santoro et al., 2006) , and can be quantitative or qualitative depending on whether or not duplicate sequences are included in the analysis.
P-test
The P-test was introduced by Martin in 2002 as a method to determine whether microbial communities are significantly different by testing whether members of the two communities are randomly distributed over a phylogenetic tree (Martin, 2002) . The P-test uses the Fitch parsimony algorithm (Felsenstein, 2004) to estimate the minimum number of changes from one community to the other that would be needed to explain the distribution of communities in a phylogenetic tree (Fig. 3a) . As with LIBSHUFF, statistical significance is determined using Monte Carlo simulations. In this case, the parsimony count is determined for many random trees, and the P-value is the fraction of the trees that have a lower parsimony count than the true tree (Fig. 3d) .
In the initial description of the P-test (Martin, 2002) and in its implementation in the TREECLIMBER software , which is available at http:// http://www.phylodiversity.net/phylocom/ Webb (2000) S, significance; C, clustering; A, abundance. (Ludwig et al., 2004) to apply a lanemask to exclude hypervariable regions that were not well aligned. We removed five short sequences to maximize the region of overlapping sequence reads. A matrix of sequence distances was generated using the PHYLIP DNADIST program with the Jukes-Cantor model of nucleotide substitution. The LIBSHUFF analysis was performed on this distance matrix using the web LIBSHUFF implementation (Henriksen, 2004) . The homologous coverage curve (') represents only S. vestida in (a) and only A. glabripennis in (b). It shows how the number of groups changes throughout the range of sequence distances. The heterologous coverage curve (}) shows the percent of groups that the other beetle shares with the first beetle over the range of sequence distances. The solid gray line is the value of (C X À C XY ) 2 at each level of evolutionary distance. The area under this curve is the raw LIBSHUFF value.
www.plantpath.wisc.edu/fac/joh/treeclimber.html, the tree topology is randomized by making random joining trees, as described by Maddison & Slatkin (1991) . In the P-test implementation at the UNIFRAC website (Lozupone et al., 2006) http://bmf.colorado.edu/unifrac, the environment labels are randomized over a constant tree topology. Although this results in the testing of a slightly different hypothesis, the results from the two different randomization protocols will most likely be similar, because the randomization methods have been shown to produce similar probability distributions in many circumstances (Maddison & Slatkin, 1991) . The P-test has also been broadly applied in microbial ecology (Schadt et al., 2003; Stach et al., 2003; Breitbart et al., 2004; Lipson & Schmidt, 2004; Nanba et al., 2004) . The P-test differs from LIBSHUFF in that it does not explicitly account for the degree of divergence between sequences. It should be applied when the primary interest is in tree topology and not in the extent of divergence of the lineages, for example when rates of evolution are highly heterogeneous. Also, since the P-test is dependent on a phylogenetic tree, it has the potential to be affected by errors in inferred tree topology. Although the P-test was initially described for the evaluation of a single tree topology, more recently Jones & Martin (2006) showed that accounting for uncertainty using many statistically equivalent phylogenetic trees, such as those obtained with bootstrapping or Bayesian phylogenetic methods, provides a more conservative and robust test.
Whether or not data are dereplicated before the application of the P-test will have a major impact on the results, because the tree topology over which the randomizations are performed and the sample size will change, and so the expected distribution to which the true number of parsimony changes is compared will differ. If species-level OTUs are chosen before performing the P-test, the hypothesis that is being tested is that the species in the communities are more clustered than expected by chance, and the P-test is a qualitative measure. If the raw data are used, the hypothesis is that the individuals from each community are more clustered than expected by chance, and the P-test is a quantititative measure (see Lozupone et al., 2006 for more discussion).
Measures of community distance
The measures of b-diversity that are described in this section differ from the P-test and LIBSHUFF because they provide measures of distances between pairs of communities that can be used with multivariate statistical techniques such as
.... Fig. 3 . Significance testing with the P-test, UNIFRAC, and weighted UNIFRAC. The P-test and the unweighted and weighted UNIFRAC significance tests all determine whether two communities are significantly different by comparing a value for the true tree to a collection of random trees and/or trees in which the community labels have been randomly assigned to a constant tree topology. For the P-test (a), the calculated value is the minimum number of changes (indicated with black dots) needed to describe the distribution of community labels on a phylogenetic tree (squares and circles denote sequences derived from different communities). For UNIFRAC (b), the calculated value is the fraction of branch length in the tree that is unique to one community (black branches) vs. shared (gray branches). For weighted UNIFRAC (c), the calculated value is the sum of the branches weighted by the difference in the number of descendants from each community for each branch (represented here by the thickness of the branch). (d) For the P-test, the P-value is the fraction of the random trees that have a smaller value then the real tree. For both unweighted and weighted UNIFRAC, the P-value is the fraction of the random trees that have a greater value than the real tree.
clustering and ordination to relate many communities simultaneously. However, some of these, including UNIFRAC, weighted UNIFRAC, and F ST can additionally be used as tests of significance. F ST was initially described for this purpose alone (Martin, 2002) .
UNIFRAC: a qualitative measure
The Unique Fraction metric, or UNIFRAC, follows the intuition that communities that differ more should require more unique evolution of the lineages they contain, presumably reflecting adaptation to one community that would be deleterious in the other. UNIFRAC therefore measures the phylogenetic distance between sets of taxa in a phylogenetic tree as the fraction of branch length of the tree that leads to descendants from either one community or the other but not both (Fig. 3b ) , and falls within a broader family of divergence-based b-diversity measures related to PD that differ in the details of how the unique and shared branches are combined (Faith, 2007) . UNIFRAC is a qualitative b-diversity measure, because duplicate sequences contribute no additional branch length to the tree (by definition, the branch length connecting a pair of duplicate sequences is zero, because no substitutions separate them). It assumes that if two communities were similar, few adaptations would be required for an organism to transfer between them. Consequently, most nodes in a phylogenetic tree would have descendants from both communities, and much of the branch length in the tree would be shared. In contrast, if two communities were so distinct that an organism adapted to one could not survive in the other, the lineages in each community would be distinct, and most of the branch length in the tree would lead to descendants from only one of the two communities. UNIFRAC analyses most often use phylogenetic trees from the 16S rRNA gene, and thus tracks the functional similarities that tend to be associated with this molecule. It does not account for functional differences that may have been acquired by HGT. UNIFRAC can also, however, be applied to trees made from other genes. For example, UNIFRAC was used with nitrogenase reductase (nifH) gene sequences to compare nitrogen-fixing communities between soils (Lamarche & Hamelin, 2007) . Like the P-test and LIBSHUFF, UNIFRAC can be used to determine whether two communities differ significantly using Monte Carlo simulations (Fig. 3d) . Two communities are considered different if the UNIFRAC value is greater than would be expected by chance. Randomizations are performed by keeping the tree constant and randomizing the community label that is assigned to each sequence for many replicate trials (typically 100 or 1000). The P-value is the fraction of trees that had higher UNIFRAC values than the true tree (Fig. 3d) . The UNIFRAC significance test differs from the P-test because it accounts for branch lengths in addition to tree topology when comparing diversity. Whereas the P-test determines if the sequences are more clustered into monophyletic lineages than would be expected by chance, UNIFRAC determines whether there has been an excess of unique evolution within each community (more branch length leading to descendants from only one community).
One major advance of UNIFRAC over LIBSHUFF and the P-test is that it can be used with clustering or ordination techniques to compare many communities simultaneously (Fig.  4) . These multivariate statistical techniques are applied to a distance matrix describing the pairwise UNIFRAC distances between the sets of sequences collected from many different microbial communities. For instance, Fig. 4 shows the results of using a UNIFRAC distance matrix to visualize the relationship between the cecal microbial communities of 19 mice in a study of the effects of obesity on gut microbial communities (Ley et al., 2005) . The results of both hierarchical clustering with the Unweighted Pair Group Method with Arithmetic mean (UPGMA) method (Fig. 4b) and ordination with Principal Coordinates Analysis (PCoA) (Fig. 4c) showed that mice with the same mother had similar bacteria in their cecum. We also implemented a sequence jackknifing technique, which can be used to test the robustness of the UPGMA results to sampling effort. In this technique, a subset of the data is selected for many replicate trials and the percent of the time that each node in the hierarchical cluster is recovered is reported Lozupone et al., 2006 . For instance, for the cecal mouse samples, subsampling 200 sequences from each mouse for 100 replicate trials (there were at most 484 sequences per mouse) resulted in strong recovery for many of the nodes in the UPGMA cluster (Fig. 4b) .
When UNIFRAC is used as a distance measure for clustering, it is a qualitative b-diversity measure, because duplicate sequences contribute no additional branch length to the tree. Because of this property, it does not matter whether OTUs are selected before the analysis. In contrast, as with the P-test, significance testing with unweighted UNIFRAC is sensitive to dereplication, and is only truly a qualitative measure if OTUs are selected before the analysis and only one member of each OTU is included in the tree. Although failure to choose OTUs will not change the raw UNIFRAC value, the significance test results can change because the expected distribution to which the true UNIFRAC value is compared will be different because the sequences will be randomized over a different tree topology (see Lozupone et al., 2006 , for more discussion). Performing a UNIFRAC significance test on a tree that has not been dereplicated is still valid, but it is a quantitative rather than a qualititative measure.
Although UNIFRAC is strictly dependent on a phylogenetic tree, several lines of evidence show that multivariate analysis with UNIFRAC is robust to errors in tree construction. First, analysis of the same dataset with trees that were constructed with six different methods for inferring the tree yielded almost identical results . This was true even though the trees differed substantially in both topology and tip-to-tip distances. Second, although partial sequences have fewer phylogenetically informative positions and are thus less robust for phylogenetic inference, UNIFRAC reanalysis with extremely short sequences [100-200 base pairs (bp) from different regions of the 16S rRNA molecule] from three different studies that initially used near full-length sequences, recaptured the major clustering patterns remarkably well, particularly if a moderately conserved region of the 16S rRNA gene was selected (Liu et al., 2007) . As with the P-test, significance testing with UNIFRAC may be more robust if uncertainty in the tree topology is accounted for.
UNIFRAC has been implemented in both the UNIFRAC web application (http://bmf.colorado.edu/unifrac) (Lozupone et al., 2006) and a programming API written in python (available for download at http://bayes.colorado.edu/unifrac), and has been widely applied in microbial ecology (Rawls Ley et al., 2005 Ley et al., , 2006a Fraune & Bosch, 2007; Lamarche & Hamelin, 2007; Walker & Pace, 2007; Wallenstein et al., 2007) . The development of UNIFRAC also made it possible for us to perform a global analysis of bacteria in different physical environments, based on 21 752 sequences from 111 studies . In this analysis, we showed that salinity was a key factor for determining the presence or absence of bacterial lineages among environments. The properties that made UNIFRAC uniquely suited to this application are that (1) it can be used with clustering and ordination techniques to relate many communities simultaneously, (2) it uses a phylogenetic tree as input, and so non-overlapping 16S rRNA gene sequence reads can be included using the parsimony insertion tool of ARB (Ludwig et al., 2004) and (3) it is a qualitative metric, which does not require information on relative sequence abundances, which is not available in GenBank. Although the use of partial nonoverlapping sequence reads has the potential to affect the resolution of the phylogenetic tree, these effects were not large enough to obscure the major patterns of variation, because there was no correlation between the sequenced region and UNIFRAC clustering, and qualitatively similar results were obtained using a smaller dataset that only consisted of overlapping sequences .
Quantitative measures of community distance
Many analyses can benefit from quantitative rather than qualitative diversity measures , because sometimes communities change only in the relative abundance of bacterial lineages. For example, a particular lineage may flourish because a limiting nutrient becomes abundant. In fact, quantitative data for 16S rRNA gene survey data have often lead to insights that would not have been apparent from presence/absence data alone. For instance, changes of the intestinal community with obesity were only evident in changes in the relative abundance of the Bacteroidetes and Firmicutes, and not in the presence or absence of lineages (Ley et al., 2005 (Ley et al., , 2006a . Similarly, the abundance of Aquificales in thermal hotsprings in Yellowstone indicated the importance of hydrogen metabolism, which would not be apparent by their presence alone (Spear et al., 2005) . Finally, a correlation with mineral chemistry of acidic thermal springs was only detectable when relative abundances were taken into account Mathur et al., 2007) . Because quantitative measures are dependent on accurate information on the relative abundance of sequences, they can be affected by biases introduced during the DNA extraction, PCR amplification, and cloning procedures that are known to exist (von Wintzingerode et al., 1997; Kanagawa, 2003) . It is thus always desirable to confirm abundance estimates using other methods such as florescence in situ hybridization (FISH) or quantitative PCR. Furthermore, biases can be introduced by differences in rRNA copy number between bacteria (Weider et al., 2005) . These biases, however, are less important for quantitative b-diversity measures than for a-diversity measures because all of the samples should be subject to the same biases.
Weighted UNIFRAC
Weighted UNIFRAC is a variant of the UNIFRAC algorithm that accounts for changes in relative abundance of lineages between different communities, by weighting the branches in the phylogenetic tree-based abundance differences when performing the calculations (Fig. 3c) . Weighted UNIFRAC is a quantitative b-diversity measure because it detects changes in how many sequences from each lineage are present, as well as changes in which taxa are present.
The weighted UNIFRAC value (u) is calculated according to eqn. 3
Here, n is the total number of branches in the tree, b i is the length of branch i, A i and B i are the number of sequences that descend from branch i in communities A and B, respectively, and A T and B T are the total number of sequences in communities A and B, respectively. In order to control for unequal sampling effort, A i and B i are divided by A T and B T .
The weighted UNIFRAC value can be normalized so that it has a value of 0 for identical communities and 1 for nonoverlapping communities, facilitating comparisons between different studies. This normalization is accomplished by dividing u by a scaling factor (D), which is the average distance of each sequence from the root (eqn. 4).
Here, d j is the distance of sequence j from the root, A j and B j are the number of times the sequences were observed in communities A and B, respectively, and A T and B T are the total numbers of sequences from communities A and B, respectively.
Like UNIFRAC, weighted UNIFRAC can be used to perform significance tests (Fig. 3d) , to cluster many samples with UPGMA, and to ordinate samples with PCoA (Fig. 4) . All of this functionality is also available at the UNIFRAC web interface (http://bmf.colorado.edu/unifrac). We illustrated with two example datasets that multivariate analysis of the same data with unweighted and weighted UNIFRAC can lead to different, but equally illuminating, conclusions about the main factors that structure microbial communities . Specifically, the unweighted UNIFRAC algorithm, because it only considers the presence or absence of lineages, is better suited to detecting factors that are restrictive for microbial growth, such as temperature or pH. In contrast, weighted UNIFRAC is ideally suited to revealing community differences that are due to changes in relative taxon abundance, for instance with different availability of mineral nutrients in hotspring sediments or with change in diet in the mouse intestine . Unlike unweighted UNIFRAC, significance testing with weighted UNIFRAC is always quantitative, and it is not valid to perform without abundance information. However, adding a duplicate sequence to the tree five times is essentially the same as adding it once with a weight of 5.
The F ST test
The F ST test was adapted from population genetics, and identifies cases in which more sequence variation exists between two communities than within a single community (Martin, 2002) . The intuition behind this test is that combining two different populations into a single, large population will result in increased sequence heterogeneity, but combining two identical populations will not. Sequence variation is calculated using y, which was described earlier in this review as an estimate of quantitative a-diversity. F ST is calculated using eqn. 5:
where y T is the value of y for all samples combined and y W is the average y within each of the communities being compared. The distance between each pair of taxa is calculated as the number of nucleotide differences in aligned sequences in the y calculations. Like weighted UNIFRAC, F ST is a quantitative measure because the number of times each sequence was observed affects the calculation. In fact, we have shown that F ST and weighted UNIFRAC behave similarly in situations where both are applicable . However, because weighted UNIFRAC takes a phylogenetic tree as input and F ST uses a sequence alignment, weighted UNIFRAC has the advantage that it can be used to combine data in which different parts of the 16S rRNA gene were sequenced (e.g. when nonoverlapping sequences can be combined into a single tree using full-length sequences as guides).
Like the P-test and LIBSHUFF, F ST was introduced as a test to determine whether communities are significantly different using Monte Carlo simulations. As a significance test, F ST is similar to LIBSHUFF in that it uses sequence distances to evaluate community distances. F ST is less sensitive to multiple comparisons than LIBSHUFF because LIBSHUFF must do two comparisons (calculation of C XY and C YX ) for each community comparison. Unlike LIBSHUFF, the F ST values satisfy the technical requirements of a distance metric, and can thus be used to compare many communities simultaneously using multivariate statistics. This was illustrated in a recent study of the effects of temperature, mineral chemistry and geography on the bacterial communities in acidic thermal springs in Yellowstone National Park (Mathur et al., 2007) . Mathur et al. used PCoA to cluster their samples based on F ST values, and showed that mineral chemistry was the most important factor in describing the differences between their samples. Analysis with F ST can be carried out using the computer program ARLEQUIN (Schneider et al., 1997) , which is available for download at http://lgb.unige.ch/arlequin/. As with y and weighted UNIFRAC, if a given sequence is found five times in a sample, it does not make a difference whether the same sequence is added five times to the analysis with a weight of 1, or added once with a weight of 5.
Rao Dissimilarity and Double PCoA(DPCoA)
In addition to introducing the RaoDIV index for estimating quantitative a-diversity, Rao also described a quantitative b-diversity measure, RaoDIS. RaoDIS is a dissimilarity coefficient that estimates the dissimilarity between two communities according to eqn. 6:
where k is the total number of individuals sampled in both communities, c i and c j are the absolute value of the difference in frequency of the ith and jth sequence between the two communities, and d ij is the divergence between the two sequences. RaoDIS is conceptually similar to raw F ST values in that it accounts for both divergence and relative abundances when comparing diversity between communities. DPCoA draws upon the concepts of Rao dissimilarity to cluster communities based on the dissimilarities among the lineages they contain (Pavoine et al., 2004) . In DPCoA, a matrix of species distances is first used to ordinate the species using PCoA. The position of the communities in coordinate space is calculated as the average position of the species that they contain, weighted by relative abundances (See Fig. 5a for an example). The result is that the squared Euclidean distance between the samples is equal to their Rao Dissimilarity. The community relationships can be viewed in the same coordinate space as the phylotype relationships in order to visualize how the phylotypes contribute to the results ( Fig. 5a and d) . DPCoA was initially used to compare bird communities living in different areas under Mediterra- Ley et al., 2005) . Unlike for weighted UNIFRAC and DPCoA, the stool samples from each individual clusters with the mucosal samples from that individual, indicating that the difference between the stool and mucosal samples is in the relative abundance of lineages rather than which lineages are present. (d) Position of sequences in the same coordinate space used to plot the samples in A. This suggests that the abundance of members of the Prevotellae family in Individual B contributes to the difference with Individuals A and C. (e) PCoA of unweighted UNIFRAC values calculated from an ARB parsimony insertion tree made with 100-bp sequence regions extending from PCR primer R357 (adapted from Liu et al., 2007) . Even with these short sequence reads, UNIFRAC recaptured the result from the near-full length 16S rRNA gene sequences.
nean bioclimates using taxonomic distances, differences in foraging substrates, and differences in morphological traits such as wing length and bill height to measure species dissimilarity (Pavoine et al., 2004) . DPCoA has subsequently been applied in several studies of the human microbial flora including studies of community changes in the human intestine ( Fig. 5a and d) (Eckburg et al., 2005) , skin (Paulino et al., 2006; Gao et al., 2007) , and stomach (Bik et al., 2006) . DPCoA is similar to ordination with F ST or weighted UNIFRAC because they are all quantitative measures (e.g. compare Fig.  5a with b) , but different from ordination with unweighted UNIFRAC, a qualitative measure (e.g. compare Fig. 5a with c) . DPCoA has the advantage over these other methods that phylotypes that contribute to the difference can be directly observed (Fig. 5d) . Unfortunately, analysis with DPCoA currently requires some programming in the R statistical language (Eckburg et al., 2005) .
Taxonomic similarity
A further b-diversity measure is Izsak & Price's (2001) taxonomic similarity (D S ). D S estimates are derived from the average distance between species from two different communities. Specifically, D S measures taxonomic distance between communities (TD) using eqn. 7:
where w iB is the taxonomic distance between species i in community A and all species in community B, w jA is the taxonomic distance between species j in community B and all species in community A, and n A and n B are the number of species in communities A and B, respectively. Taxonomic distance between species is 1 for members of the same genus, 2 for family and so on. D S is derived from TD with eqn. 8, which converts it to a similarity measure rather than a distance and normalizes the raw value to a value between 0 and 1:
L is the number of taxonomic levels used to classify the species. D S is a qualitative diversity measure because it only considers presence/absence data. This measure has not, to our knowledge, been applied to microbial community analysis. Izsak and Price illustrated this measure by comparing the b-diversity of echinoderms for three regions in the Indo-West Pacific of increasing size. Each of the regions had multiple sampling sites that were further apart for the larger regions. By comparing the average b-diversity for pairwise comparisons of sites within each region, Izsak and Price showed that the sites in the smaller regions had more similar echinoderms than in the larger regions.
Although D S is exclusively used with taxonomic distances, Webb has implemented a related measure, the comdist function of the PHYLOCOM software package (Webb et al., 2006) that uses phylogenetic distances. Comdist calculates the distance between two communities, as the mean phylogenetic distance of all possible pairs of taxa in one sample to the taxa in the other. Comdist does not normalize in the same manner as D S and it thus is a dissimilarity measure that is not limited to the range 0-1. Comdist returns a distance matrix containing distances between all pairs of communities represented in the tree, so that standard multivariate techniques such as PCoA can be used to compare the samples.
Unlike the other b-diversity measures described so far, D S is dependent on a species concept, because it determines the degree of similarity of the species that occur in different communities. The successful application of this metric to microbial molecular data, therefore, is dependent on determining what OTU threshold represents a true 'species,' which has been difficult for most groups of microorganisms.
Relation of local diversity to regional diversity
So far, we have introduced b-diversity measures that can compare two communities, and can compare more than two by making many pairwise comparisons. b-diversity measures have also been developed to relate the diversity of a single community to the total diversity in a habitat type or globally. This concept relates to the comparison of within habitat (a) to within landscape (g) diversity, as introduced by Whittaker (1972) ].
PD gain
The Gain in PD (G) as described by Faith (1992) , is related to the a-diversity measure PD, but whereas PD tells us about the overall diversity of the lineages within a given community, G is a measurement of which communities contain the most previously unseen diversity (i.e. are the most phylogenetically unique). G is defined as the total branch length that a sample adds to a tree that already includes sequences from all of the other samples (Fig. 1b) . This measure was developed further by Lewis & Lewis (2005) , who referred to G as 'exclusive molecular phylodiversity,' and used a Bayesian framework to express G and its confidence intervals in terms of the number of nucleotide substitutions that accumulated during the differentiation of each community.
Recently, we used G to compare the unique diversity found in different environment types in a global survey of bacterial communities . By being as comprehensive and representative as possible in the inclusion of 16S sequences from surveyed environments, we were able to determine the types of environments whose exploration was still adding the most branch length to the tree of life. For instance, soils generally added less phylogenetic information per OTU sequenced, in large part because soil is among the more thoroughly sequenced types of environment, and so each new study rediscovered much of the same diversity. In contrast, a hypersaline microbial mat in Guerrero Negro (Ley et al., 2006b) , had particularly high G values, indicating that this environment is more distinct relative to the other environments included in this analysis .
G measurements have also been used to understand how much unique evolution has occurred in a particular type of environment. For instance, Lewis & Lewis (2005) used G to evaluate the diversity of green algae in desert soils, and concluded that a substantial fraction of evolution within the green algae was unique to desert communities. Under sampling is a major issue for G calculations for this application, because using G to estimate the unique evolution in an environment assumes that all of the other environments have been sampled exhaustively. In order to make their initial tree as comprehensive as possible, Lewis and Lewis used BLAST to find the most closely related algal sequences in GenBank. However, this still does not exclude the possibility that the G values were inflated because algae that live in both the desert and other environments had not been sampled. Conversely, if the community being evaluated is undersampled, lineages that are unique to it will be missed, reducing the estimate of G. Assessment of confidence of G estimates to sampling effort needs more exploration.
Measurements of taxonomic distinctness
Taxonomic distinctness is another measure that relates the diversity of a sample to a larger pool, such as comparing diversity in a given habitat to the diversity across a region. Taxonomic distinctness indicates whether the species in a community tend to be closely related (phylogenetically clustered) or distantly related (phylogenetically dispersed), and can thus be used to investigate hypotheses about community structure. For example, phylogenetic clustering could suggest that habitat filtering is important for structuring a community because only similar organisms can live there. Even though HGT and convergent evolution can result in phylogenetically distinct organisms inhabiting the same niche, these processes are not likely to be so widespread that species would not be more phylogenetically clustered than chance expectation if the habitat is filtering out all but the microorganisms that have particular suites of functions that are rare. Phylogenetic clustering could also indicate biogeographical barriers to dispersion of evolutionary lineages. In contrast, phylogenetic dispersion could suggest that competition restricts all but the most successful species from surviving, and that purifying selection prevents species already in the community from diversifying further.
One measure of taxonomic distinctness is Webb's net relatedness index (NRI) (Webb, 2000) , which is the average taxonomic distance between species in a community. This measure is related to y, but NRI disregards the species abundance information. For example, to apply NRI to 16S rRNA gene survey data, species-level OTUs should be chosen, and only one member of each OTU should be considered when calculating k, p i and p j in eqn. 1. NRI is essentially the same as average taxonomic distinctness index (D 1 ) and Izsak & Papp's (2000) J index, differing only in that it is normalized for comparison across trees by dividing the raw value by the maximum value that could be obtained for the same number of taxa in the same phylogeny (Webb, 2000) .
A related measure is the nearest taxon index (NTI), which is the average distance between each species and its closest relative in the tree. Like NRI, NTI is normalized by division by the maximum possible value for the specified tree and number of species (Webb, 2000; Webb et al., 2002 Webb et al., , 2006 . NTI focuses on clustering at lower taxonomic levels and is less sensitive to higher level phylogenetic structure than NRI (Webb, 2000) . Although originally described using topological distances between species, both NTI and NRI can also use phylogenetic distance measurements (Horner-Devine & Bohannan, 2006) , as is implemented in PHYLOCOM (Webb et al., 2006) . NRI and NTI do not account for the relative abundance of species and are not correlated with species richness. As a result, they are relatively robust to incomplete sampling .
Monte Carlo simulations can be used to test whether communities are significantly clustered or dispersed phylogenetically, using NRI or NTI. In these simulations, the community assignments in a reference phylogenetic tree are randomized, and the percentage of trials in which the true tree has a more extreme value than the randomized trees is recorded Webb, 2000) . The reference tree should include all of the species that are relevant for the comparison, such as all the sequences that are usually found in a given region or habitat type. For example, Webb applied this analysis to trees in the Bornean rain forest to determine whether the phylogenetic distribution of species found in individual plots differed significantly from what would be expected if species were evenly distributed throughout the region. He showed that the species in individual plots were more phylogenetically related than expected by chance, indicating that the cooccurrence of similar species due to variation in habitat among plots played a greater role in structuring the communities than competitive exclusion between similar species (Webb, 2000) . also described a jackknifing technique for computing the variation in D 1 (which is essentially equivalent to NRI) by randomly subsampling species without replacement in many replicate trials. This procedure provides a statistical test to determine whether phylogenetic distinctness differs significantly between communities. This technique has been most often used in studies of the biodiversity of marine macroorganisms, including benthic nematodes, corals, and coastal fishes (Hall & Greenstreet, 1998; Rogers et al., 1999; Brown et al., 2002) . These studies generally showed that the taxonomic distinctness in degraded locations was significantly lower than in relatively pristine locations.
Although NTI and NRI have been more often applied in the study of macroorganisms than microorganisms, Horner-Devine & Bohannan (2006) successfully applied these measures to a meta-analysis of four studies of microbial populations, using 16S rRNA gene data to measure phylogenetic distances. They found that microbial populations were typically more phylogenetically clustered than expected by chance, suggesting potentially an important role for habitat filtering. Horner-Devine and Bohannan also demonstrated how NTI and NRI values could be correlated with environmental variables. For instance, they found a negative correlation between the NRI of Betaproteobacteria communities and primary productivity in aquatic mesocosms, indicating that increased stress in a low productivity environment may increase habitat filtering (Horner-Devine & Bohannan, 2006) . NTI and NRI calculations and significance tests can be run using the PHYLOCOM software, which is available for download at http://www.phylodiversity.net/phylocom/.
Although divergence-based diversity measures are typically less sensitive to species definitions than are traditional diversity measurements, NRI and NTI are still dependent on a species concept, because they determine whether similar species tend to coexist in a given community, or competitively exclude one another. The successful application of this metric to microbial molecular data, therefore, is dependent on determining what OTU threshold represents a true 'species.'
Concluding remarks
The increase in speed and decrease in cost of obtaining 16S rRNA gene sequences from microbial community surveys provides a unique opportunity to make fundamental discoveries about microbial ecology and evolution. The diversity measures described here allow many different hypotheses about community structure to be tested using the sequence information that is generated in molecular microbial community surveys. Although no single number can describe all aspects of diversity, the application of these measures in conjunction with commonly used species based diversity measures can elucidate different aspects of diversity.
Divergence-based diversity measures have the potential to elucidate fundamental ecological properties of microbial communities beyond what has been possible with speciesbased measures alone. For instance, one way to evaluate whether bacteria are spatially distributed is to evaluate a species area curve; a flat curve indicates that an increase in area does not cause in an increase in species that are endemic to particular sights, and that the bacteria are for the most part cosmopolitan (Noguez et al., 2005) . For a flat-species area curve, the a-diversity is equal across spatial scales and the b-diversity for the comparison of any two subplot would be 0, indicating that the same species are present. A divergence-based analog of this analysis would be to use PD measurements to plot a branch length-area curve, to evaluate whether an increase in area increases the total amount of observed phylogenetic lineages. A flat branch length area curve would have the same predictions for divergence-based a-and b-diversity values, except that it would indicate that the same phylogenetic lineages are present rather than the same species. This technique has the advantage that it is not dependent on a poorly defined species concept and accounts simultaneously for all levels of divergence between taxa.
By comparing the available divergence-based diversity measures to the sequence-based measures, it is evident some of the possible divergence-based diversity measurements remain to be developed. For instance, a whole suite of tools has been developed for the estimation of species richness, including parametric estimators, nonparametric estimators such as ACE and Chao 1, and extrapolation of species accumulation curves (Magurran, 2004) . In contrast, very little work has been done to determine the best way to estimate the total phylogenetic richness from a limited sample.
Despite the apparent importance of abundance information for detecting certain types of community changes, limitations in sequence deposition currently make quantitative measures difficult to apply on a global scale. In particular, many large studies deposit only new sequences or omit abundance information, making quantitative metrics impossible to apply correctly. Improvements in community standards for data deposition, especially enforcement of inclusion of abundance information and metadata about the sampling in machine-readable form, will be essential for full exploitation of the community survey data now being obtained at great expense.
The diversity measures described here vary in their degree of accessibility to microbiologists who do not have any programming expertise. Although the majority are now accessible, such as through the UNIFRAC web interface or the PHYLOCOM software package, the application of others is still limited. For instance, DPCoA is only implemented as a function in the R statistical package. Although y and F ST values can be calculated with nucleotide distance values using ARLEQUIN (Schneider et al., 1997) , there is no convenient implementation for using phylogenetic distances as may be desirable. Also, although raw PD values can be calculated using PHYLOCOM, PD rarefaction analysis must be performed manually. One of our goals for the UNIFRAC web interface is to allow direct comparisons among more of these diversity measures by providing them all within a single user-friendly framework.
It is clear that traditional methods of comparing communities, such as using BLAST to find relatives of each of the sequences in a community sample, cannot scale to the demands of cheaper and faster sequencing technologies. Fortunately, the techniques described here provide convenient methods that have been used successfully to compare hundreds of communities and tens of thousands of unique sequences . In addition, we recently have shown that UNIFRAC clustering patterns from near full-length sequences can be recaptured using simulated 100-200-bp reads typical of pyrosequencing if the appropriate region of the rRNA molecule is selected (See Fig. 5e ) (Liu et al., 2007) , indicating that divergence-based diversity measures will become even more important with the recent advances in sequencing technology. That some errors in the phylogeny will not dramatically impact the results, indicates that the sequence length requirements for divergence-based diversity analyses are not as stringent as they are for robust phylogenetic reconstruction. Ultimately, even a phylogeny with some errors is better than the star topology that is inferred with species-based diversity measures, and the benefit from the dramatic increase in the number of short sequences that can be sampled with pyrosequencing appears to outweigh the disadvantage of phylogenetic errors from short sequence reads (Liu et al., 2007) . We expect that the availability of a database of annotated community samples will provide an increasingly valuable framework for understanding diversity in new environments, and for directing new sequencing efforts to uncover new and divergent lineages.
